Recently, the number of patients with lifestyle-related diseases, such as diabetes mellitus, has increased dramatically. Lifestyle-related diseases are responsible for 60% of deaths in Japan. In order to screen persons at potentially high risk for these diseases, medical checkups for metabolic syndrome are used throughout Japan. Prediction and prevention of lifestyle-related diseases would yield a direct reduction in medical costs. However, many cases cannot be screened with a metabolic syndrome checkup. In this paper, we propose a new machine-learning-based screening method using medical checkup data and medical billings. By processing the medical data into a bag-of-words representation and classifying the health factors using latent Dirichlet allocation (LDA), the screening method achieves high accuracy. We evaluate the method by comparing the accuracy of predictions of the future incidence of the diseases. The results show that F-measure increases 0.17 compared with the conventional method. In addition, we confirmed that the proposed method classified persons with different health risk factors, such as a combination of metabolic disorders, hypertensive disorders, and mental disorders (stress).
INTRODUCTION
The number of patients with lifestyle-related diseases, such as diabetes mellitus, has increased dramatically.
Lifestyle-related diseases are responsible for 60% of the deaths in Japan (Health, Labour and Welfare Statistics Association 2002) . In general, the medical costs related to lifestyle-related diseases are expensive and occupy 30% of national medical expenditures (Ministry of Health, Labour and Welfare 2010). In Japan, to save medical costs, the health insurance society sponsors an annual medical checkup to screen persons with high health risks, such as metabolic syndrome. Metabolic syndrome is a combination of multiple metabolic disorders; specifically, a combination of obesity and hyperglycemia, hypertension, or dyslipidemia (WHO 1999; Ogushi 2007) . Patients with metabolic syndrome have a greater possibility of acquiring lifestyle-related diseases such as diabetes mellitus or cardiovascular disease (K.G.M.M. Alberti et al. 2006) . However, many cases cannot be screened with a metabolic syndrome checkup. In our investigation of a specific health insurance society, only 14% of people with newly diagnosed lifestylerelated diseases have metabolic syndrome. This fact indicates that there are other risk factors for lifestyle-related diseases (Maria D. Llorente et.al. 2006; H. Klar Yaggi 2006) . As a result, many people at high risk for these diseases are missed. So the cost effect of annual medical checkups is limited. In this paper, to solve this problem, we propose the machine-learning-based screening method that uses not only annual medical checkup data, but also medical billings. They involve the personal history of diseases that infers the various health risk factors.
LIFESTYLE-RELATED DISEASES AND SCREENING

Lifestyle-related Diseases
The Ministry of Health, Labour and Welfare in Japan defined a list of lifestyle-related diseases (Mizushima research team of the Ministry of Health, Labour and Welfare 2007). To prevent these diseases, Japan developed the criteria to diagnose metabolic syndrome in the Japanese.
Metabolic Syndrome
In Japan, the decision to diagnose metabolic syndrome is based on the following criteria: waist circumference, blood sugar level, HbA1c, systolic blood pressure, diastolic blood pressure, triglycerides, HDL cholesterol, and LDL cholesterol, and people are classified into the metabolic syndrome group, preliminary group, and normal group. The screening method is explained in Figure  1 (Wataru et al. 2008 ). This screening checks only the combination of four risk factors: the combination of obesity and hyperglycemia, hypertension, or dyslipidemia. However, there are other risk factors reported, such as mental disorders (Maria D. Llorente et al. 2006; H. Klar Yaggi 2006) . Therefore, many persons at high risk for these diseases cannot be screened by this method.
PROPOSED METHODS
To realize a screening method that can identify the various health risk factors, we propose a machinelearning-based screening method using medical checkup data and medical billings. In general, medical checkup data involve blood tests that indicate health status, and medical billings involve personal medical history that involves information about all diseases. Technical knowledge is needed to make the rules using medical billings for decisions like metabolic syndrome. Thus, we applied machinelearning techniques to handle the huge volume of data statistically. In this paper, we propose using latent Dirichlet allocation (LDA) (Blei et al. 2003) .
LDA is a kind of topic model where machinelearning techniques are mainly used for natural language processing. With LDA, we can model data (such as documents) as a mixture of multiple topics more precisely than the mixed Gaussian distribution such as k-means.
Latent Dirichlet Allocation
LDA has the advantage of easily modeling documents and is now applied to various data mining tasks, such as information retrieval and voice recognition (Ishiguro et al. 2012; Otsuka et al. 2012) , data visualization, and image processing (Fei-Fei et al. 2005; Wang and Mori 2009; Niebles et al. 2008) . LDA infers the topic of documents containing many words from a document set by assigning each word to a certain topic. In LDA, documents are handled as a bag-of-words representation, and these documents are analyzed according to a word-topic probability matrix ( ϕ matrix) and topic-document probability matrix (θ matrix). Some approximation techniques estimate the parameters of LDA, such as variational Bayes Dir and Mult mean the Dirichlet distribution and multinomial distribution, respectively. α and β are hyperparameters for the document-topic and topicword Dirichlet distributions, respectively. Here we assume α and β are scalars resulting in symmetric Dirichlet priors. Given observed words, we have to infer the hidden topics. To approximate this posterior, we resort to a Markov chain Monte Carlo (MCMC) sampling scheme, specifically a collapsed Gibbs sampling: , is the number of times word is generated by topic k. The −i notation signifies that the counts omit the value of . Here, we regard the document as a person, words as the frequency of word counts in medical billings and discretized medical checkup data, and the topic as a health factor, respectively.
Feature Extraction
In this subsection, we show the feature extraction from medical checkup and medical billing data. Medical billing is a receipt for medical activity that the health insurance society uses to pay the medical cost to the medical institution. It involves the name of the disease, medicine, and inspection as decided by physicians. We use the frequency of the disease, medicine, and inspection from medical billings in one year as a feature vector of LDA. The maximum frequency is 12 because medical billings are generated once a month. Table 1 shows examples of the features of medical billings. Also, because medical checkup data are continuous data different from medical billings, we transform the data into a bag-of-words representation that can be used in the LDA (Figure 2 ). The blood test and measurement data are not always in a normal distribution, so we make the data discrete using a cumulative distribution. Also, in general, blood test and measurement data have multiple medical meanings according to the value, so we represent the data as a mixture of the frequency of three words: high, normal, and low. Specifically, we divide the checkup data into 13 classes and assign each pair of words in Figure 3 . For example, in class 1, the bag-of-words representation becomes {high-value-words of waist, normal-value-words of waist, low-value-words of waist} = {0,0,12}, in class 2, the bag-of-words representation becomes {0,1,11} and so on. 
EXPERIMENT AND RESULTS
Arrangement of Experiments
To compare the prediction accuracy for the future incidence of the diseases by the proposed method with that by conventional metabolic syndrome decisions, we perform experiments. We use the medical checkup data and medical billings of a specific common insurance society with about 30,000 members. We used data on men in 2010 (4404 members) for training LDA. To evaluate the methods, we measured precision and recall for persons who did not have medical billings for lifestyle-related diseases in 2009 but who developed lifestyle diseases in 2011-2013. Also, we set the hyperparameter of LDA in Table 3 . 
Comparison with Conventional Metabolic Syndrome Decision
We show the result of LDA (topic number is 3) and metabolic syndrome in Table 4-1 and Table 4 -2. Persons are classified into 3 groups by metabolic syndrome decision, so we use the same 3 topics(groups) in LDA. In LDA, we assign the topic of the highest probability to each person. In Table 4-1 and Table 4 As a result, topic number 3 for LDA has the highest F-measure (topic number 3). In this result, we think topic number 3 is a high-risk cluster that involves many persons at potentially high risk for lifestylerelated diseases. In addition to this result, we can see the health risk factors. Now, we look into the ϕ matrix of these topics. In Tables 5-1 and 5-2, the major terms for disease in the ϕ matrix and average frequency for a person and averaged medical checkup data for persons in each topic are shown. For example, in topic 2, the probability of lifestyle diseases, such as hypertension, diabetes mellitus, and hyperuricemia, is the highest but other topics are not. Looking into Table 5 -2, almost all of the medical checkup data (except height, fasting blood sugar level, and HDL cholesterol) in topic 3 are higher than topic 1. So, from these results, we can approximate that topic number 1 is the healthy people topic, topic number 2 is the lifestyle disease patient topic, and topic number 3 is the unhealthy people topic. 
Proposal with More Topic Numbers
In the proposed method, we can determine the topic numbers at will. Here, we show the result of LDA where the topic number increases. In Table 6 , the result of topic number 10 is shown. Here, also, we exclude people who already had medical billings for lifestyle-related diseases in 2009 (already developed). In the result, topics 3, 4, 5, 6, and 9 reflect high precision rates. Looking into major terms for disease in the ϕ matrix and average frequency for a person (in Table 7 -1) and averaged medical checkup data (in Table 7 -2), we can see that the risk factors are separated more precisely. In topics 3 and 4, there are no diseases with high probability. Topic 5 has insomnia, melancholy, and the digestive disease gastritis (Table 9 -1). On the other hand, the checkup data of topic 3 are much higher than that of others, especially the metabolic disorder related items. Also, in topic 4, only blood pressure is higher (Table 9 -2). So, it seems that the risk factors for topics 3 and 4 are abnormal checkup values (combination of metabolic disorders and hypertensive disorders, respectively), and the risk factor for topic 5 is stress (mental disorders). Also, topics 6 and 9 have different diseases. In topic 6, the probability of digestive disease and liver disease is higher, and in topic 9, the probability of cardiovascular disease is higher. So, from these results, we assume that topics 3, 4, and 5 are unhealthy people topics with different health risk factors (combination of metabolic disorders, hypertensive disorders, and mental disorders) and that topics 6 and 9 are lifestyle disease patient topics with different lifestyle-related diseases (digestive, liver and, cardiovascular diseases). Thus, we think the topics are separated by different health risk factors.
CONCLUSIONS
In this paper, we propose a new screening method using latent Dirichlet allocation (LDA). By making the medical checkup data and medical billings into a bag-of-words representation, the screening method achieves high accuracy. We evaluate the method by comparing the accuracy of predictions for the future incidence of the diseases. The result shows that Fmeasure increases 0.17 compared with the conventional method. In addition, by increasing the topic numbers, we confirmed that the proposed method classified high risk persons into each of the different health factors of combination of metabolic disorders, hypertensive disorders, and mental disorders. Thus, we think the topics are separated by different health risk factors. 
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